Abstract: Information communication technology (ICT) has changed the traditional agricultural extension service mode worldwide. This paper examines the effects of the Rural Distance Education Project (RDEP) on the household income, agricultural productivity, and off-farm employment of farmers in peri-urban areas in Beijing. Using the survey data of 783 randomly selected farm households from 54 villages in three Beijing peri-urban districts in 2014, and the propensity score matching method (PSM), we find that the RDEP has a significant and positive effect on agricultural productivity and input use. Meanwhile, the program's effects are heterogeneous across districts and households. For example, the RDEP has significant impacts on several outcome indicators, such as agricultural labor productivity (at a 5% level of significance), agricultural land productivity (at a 10% level), and input use intensity (at a 1% level) in Tongzhou (an agriculturally more important district, with a more intensive RDEP usage), but none of these effects is significant in Pinggu district. Furthermore, the RDEP is found to have bigger, and statistically more significant effects, for households with junior high school education than for those with either lower or higher than junior high school education. Furthermore, the RDEP is more effective for households with more assets than those with fewer assets. These results point toward the importance of using a rural distance education program as an effective extension service, and the need to take community and individual characteristics into account in the implementation and design of future programs.
Introduction
Information communication technology (ICT) has changed the mode of production and dissemination of information, and has the potential to overcome the traditional obstacles of economic differences, geographical distance barriers and the unequal distribution of knowledge [1] . Recognizing that the ICT-based extension service has a greater potential than the traditional extension system, many governments in the developing world have made huge efforts to establish comprehensive ICT-based agriculture extension systems. The Chinese government has already invested massively in information infrastructure and ICT-based education programs to assist farmers in obtaining knowledge, information, and skills to enhance the level of their livelihood [2] . However, despite decades of investment in ICT-related infrastructure and education programs, evidence of the impact of such the first few examining the impacts of ICT programs in the context of rural China where most people have access to mobile phone service and the internet [15] .
The impacts of the Rural Distance Education Project (RDEP) on farm households were assessed using survey data of 783 randomly selected farm households from both the RDEP and the non-RDEP villages in peri-urban areas of Beijing in 2014. Propensity score matching methods (PSM) were adopted to deal with the program placement/selection biases. For two of the outcome variables for which panel data are available, the combination of a PSM and difference-in-difference (DID) was adopted to further control for potential biases due to unobserved heterogeneity.
We found that RDEP increases farm households' agricultural productivity significantly, although effects on their gross income is not confirmed. There exist obvious heterogeneous impacts across districts and household characteristics. While the RDEP is found to significantly enhance agricultural land productivity, labor productivity, and input use intensity in Tongzhou district, this was not the case in Pinggu district. Moreover, while the productivity effects are positive and statistically significant for households with junior high school education, the effects are insignificant for those with either primary school or senior high school education. Furthermore, the productivity effects are more effective for households with more assets than for those with fewer assets.
RDEP Background
There were 3950 administrative villages in suburb Beijing, which is the home of 1.16 million farm households and 2.68 million farmers, according to the rural Hukou registration data. An average farm household owns 0.19 hectares of arable land. There is a large income gap between urban and rural residents. In 2010, the per capita income of an average farmer in Beijing area was 13,262 yuan (about $1959, based on the 2010 average exchange rate), which was 45.62% of that of an urban resident. The income disparity among farmers was also large in suburban Beijing. The level of average income for the bottom 20% farmers was 7251 yuan (about $1071) per capita, which was only 23 .81% of that of the top 20% of farmers. The gap between urban and rural public service is an important potential cause for the considerable urban-rural income gap. To help solve this problem, the Beijing municipal government initiated the RDEP to improve the scientific and technology support for rural area through information. The RDEP was put into operation in 2010, and about 2000 distance stations were constructed in 10 suburban districts. The RDEP in Beijing consists of a municipal platform (to develop and distribute training courseware and information) and distance education stations located in villages to educate and train the grass roots villagers. The distance education stations were established by district governments and situated in village public places (meeting rooms, classrooms, offices, etc.). These RDEP stations are administrated by local College Graduate Village Officials or the village committee members. The station administrators help villagers learn agriculture technologies via courseware, or search for information through the RDEP website. Furthermore, at least two of the collective training events are arranged to train farmers. Training details such as the training time and learning content are recorded by the platform information system. Details on trainees' participation and learning intensification are also recorded by the administrators of the local distance stations.
The RDEP provides more than 10,000 coursework and consultant services, including innovative farming technology, vocational skills, small business operations, daily wholesale and retail market prices, and health education courses. Farmers participate in the public training classes organized in the village station or search for needed courses and information through the station terminal, and consult experts regarding farming problems through an online system on demand in the station, in order to gain the information and knowledge needed to improve their product efficiency.
The survey was approved by the Academic and Ethics Committee of the Institute of Agricultural Information and Economics, Beijing Academy of Agricultural and Forestry Sciences. All of the data were processed in an anonymized manner. A detailed explanation of the respondent's rights and authorization of the survey was provided during the interview. All of the participants gave consent to participate in the survey prior to each interview.
It is also important to note that the impact of the ICTs measured in this paper is a combination of the impacts of accessing ICT services (computer/mobile/internet) and the impacts of the delivered information through ICT, which was not made clear in the literature. Unfortunately, our data do not allow the disentanglement of the two separate effects.
Sample and Data

Sample and Data Collection
A total of 783 households were drawn from three peri-urban districts based on a three-stage stratified random sampling technique. In the first stage, three districts in 10 rural districts were selected as showing in Figure 1 , based on criteria regarding the functional zone planning, economic conditions, and program intensity (learning time) of an average station. Tongzhou, Pinggu, and Huairou belong to a plain, a semi-mountainous area, and a mountains area, respectively. In the Beijing municipal development planning, Tongzhou district belongs to the development zone, while Pinggu and Huairou belong to the ecological conservation zone. The learning intensity of stations in Tongzhou was 100.41 h per year, and those in Pinggu and Huairou were 34.88 h and 67.37 h, respectively. In the second stage, nine program (treatment) villages in each district were randomly sampled, and nine villages that had similar agro-ecological and socio-economic characteristics but had no distance education station at the time of the survey were selected as control villages. In order to increase the probability of having households in the control group to match the households in the treatment group, more control households than treatment households were selected. As a result, 324 participating households (12 households per treatment village) and 459 non-participating households (17 households per control village) were randomly sampled. To minimize the possible spillover or confounding effects from other ICT projects, two strategies were adopted. First, we purposively kept the treatment and control villages within the same district, with certain distance. Second, villages implemented with other ICT-based service projects were removed before sampling. The geographical distribution of the three peri-urban districts in Beijing is displayed in Figure 1 .
Purposive questionnaires were designed and used to collect data at both the village and the household level. Interviews were conducted by experienced enumerators in the months of August, September, and October in 2014. At the village level, information on village basic demographic characteristics, economic conditions, land assets, and non-land assets was collected from village officials. For the treatment villages, information on the RDEP implementation was also collected. At the household level, data were collected on household demographic characteristics, land endowment, non-land asset holdings, agriculture production, off-farm employment, business income, and non-labor income. Each completed questionnaire was rechecked and validated for accuracy by a fieldwork supervisor, and then again by a data administrator before data entry. The survey's response rate was 100%. An unfortunate mistake that occurred at the beginning of the survey was that no data on household fixed assets was collected for nine villages in Pinggu. For this very reason, the value of fixed assets for the Pinggu district is missing in Table 1 . Also, the fixed asset variable was excluded from the logit model regression that was used to estimate the propensity scores for the Pinggu subsample. Purposive questionnaires were designed and used to collect data at both the village and the household level. Interviews were conducted by experienced enumerators in the months of August, September, and October in 2014. At the village level, information on village basic demographic characteristics, economic conditions, land assets, and non-land assets was collected from village officials. For the treatment villages, information on the RDEP implementation was also collected. At the household level, data were collected on household demographic characteristics, land endowment, non-land asset holdings, agriculture production, off-farm employment, business income, and non-labor income. Each completed questionnaire was rechecked and validated for accuracy by a fieldwork supervisor, and then again by a data administrator before data entry. The survey's response rate was 100%. An unfortunate mistake that occurred at the beginning of the survey was that no data on household fixed assets was collected for nine villages in Pinggu. For this very reason, the value of fixed assets for the Pinggu district is missing in Table 1 . Also, the fixed asset variable was excluded from the logit model regression that was used to estimate the propensity scores for the Pinggu subsample. Since the information services of the RDEP are multifaceted, and farmers may benefit from the program in a variety of different ways in terms of economic opportunities, resource allocation efficiencies, production, income, and welfare, the impacts of the RDEP program are measured by the following performance or impact indicators: (1) household (HH) gross income, which was calculated as the sum of agricultural income, off-farm employment income, business operation, and transferred income (including rent, dividends, and subsidies); (2) HH gross agricultural income, which was calculated as the value of crop and livestock production (including non-marketed produce valued at market prices) minus variable production costs (including purchased inputs, hired labor, land rent, etc.); (3) agricultural labor productivity (agricultural income per agricultural worker per month), which was calculated as the annual agricultural income divided by the total labor months working on the farm; (4) agricultural land productivity (crop income per mu), which was calculated as the annual crop income divided by land area (mu), where annual crop income is calculated as the value of crop and production (including non-marketed produce valued at market prices) minus variable production costs (including purchased inputs, hired labor, land rent, etc.); (5) agricultural input use intensity (fertilizer, pesticide, seed use per unit of land); (6) HH labor months working on farm; (7) off-farm labor productivity (off-farm income per worker per month); and (8) HH off-farm employment (person months on off-farm). The first indicator measures the overall income effect; indicators (2)-(6) measure the agriculture productivity and intensification effects; indicators (7)-(8) measure the off-farm labor productivity effects, and indicators (6) and (8) also capture HH labor allocation effects. Table 1 reports descriptive statistics for the participating and non-participating households. The descriptive analysis suggests the presence of noticeable differences between the RDEP participants and non-participants in their observed characteristics. There is a total of nine variables that are significantly different between households in the treatment and control villages. Of the nine variables, three are village-level variables, and six are household-level variables. Compared to a typical household in the control villages, a typical household in a typical treatment village appeared to be bigger in household size (3.40 versus 3.04), was headed by a younger and more educated member, and possessed more assets. According to our data, the village collective dividend per capita in 2010 of an average control village was much larger than that of an average treatment village. However, the differences in these characteristics between treatment villages and control villages vary considerably across districts. Table 1 shows obvious differences in demographic and socio-economic conditions across the three districts. For example, an average household in Pinggu had almost one member (or one and half members) more than those in Huairou (or Tongzhou). The landholding of an average household in Huairou was 1.5 times (or two times) bigger than that of an average household in Tongzhou (or Pinggu). Additionally, while an average treatment household had a higher value of total assets than an average control household in Tongzhou, the opposite was true in the case of Huairou. As for geographical location, Tongzhou is closer to Beijing, and achieved a much higher gross collective income than the other two districts. These considerable differences across districts collectively remind us to conduct additional analysis to assess the effects of the project separately for each district as well.
Descriptive Analysis
Methods
In this paper, the impacts of the RDEP on crop productivity, input use intensity, labor allocation between on-farm and off-farm employments, and household income were evaluated using the PSM method in each of the three districts. The PSM, which was pioneered by Rosenbaum and Rubin (1983), was mainly developed as a way to match participants to non-participants according to the relevant pretreatment characteristics (X). The problem is that matching participants to non-participants is unmanageable when the number of relevant covariates is large, which is known as the "curse of dimensionality" problem. Rosenbaum and Rubin (1983) proved that if outcomes Y 1 (Y 0 ) (Y 1 standing for potential outcomes under treatment and Y 0 standing for potential outcomes under control) are independent of treatment status conditional on X, then they are also independent of treatment status conditional on P(X), where P(X) is the propensity score of being treated given X. Thus, a multi-dimensional matching exercise is then reduced to a single dimensional matching problem: matching each participant to one or more non-participants according to their estimated propensity scores. A standard logit or probit model can be used to estimate the propensity scores. Under PSM, the average treatment effect on the treated (ATT) is equal to the expected difference in the observed outcomes between participants and matched non-participants, appropriately weighted by the propensity score distribution of participants [16] :
where D is a dummy variable indicating treatment status (= 1 if treated, 0 otherwise). The underlying identifying assumption behind the PSM approach is the conditional independence assumption (CIA), which means that after conditioning on observables (X), participants would have the same potential outcome Y 0 as non-participants in the absence of the treatment, or more formally:
To meet CIA, the researcher should observe all of the variables simultaneously influencing the participation decision and outcome variables. Besides the CIA condition, another important assumption to ensure that the PSM works in practice is the common support or overlap condition. It ensures that farmers with the same X values have a positive probability of being both participants and non-participants.
The PSM estimation of program effects involves a number of standard steps [16] [17] [18] . The first step is to calculate the sample farmers' propensity scores based on the estimated coefficients of a logit or probit regression. The next step is to match each household in the treatment group to one or more households in the control group according to their estimated propensity scores. The third step is to calculate the program effects (ATT PSM ) based on Equation (1) .
There are several matching techniques (e.g., nearest neighbors K (NNK, k = 1 or other positive integer), radius caliper matching, kernel matching, local linear regression matching, and spline matching), with each having its own pros and cons. It is generally recommended to try a few different matching methods. If different matching methods give similar results, then the results are robust. The quality of matching needs to be checked by a balance test, the purpose of which is to determine whether the PSM procedure has served the purpose of making participants and non-participant groups sufficiently similar in terms of observed characteristics. The standard balance test is to test the degree to which the standardized bias or normalized differences in means are reduced via PSM matching. In the present study, Imben's rule of thumb is also applied, which suggests that the balance is achieved if the percentage of bias is reduced to below 25% [19, 20] .
Another method to obtain covariate balance that was proposed by Hirano et al. [21] is to weight the observations with their respective estimated propensity scores in a weighted sample. Morgan and Todd [22] also showed that the average treatment effect of the treated (ATT) can be efficiently estimated by inverse probability weighted least square regression, as in Equation (3):
where we assign weight ω(t, x) = P(X) × t P(X)
to each observation, t is an indicator for treatment status (=1 if treated, 0 otherwise), and P(X) is the propensity score of being treated.
A key assumption for the validity of the PSM method is that selection to participate in the RDEP is conditional on a set of observed characteristics (known as "selection on observables"). If this assumption is invalid, then other methods must be used to determine the project's effects. For example, to take advantage of the panel information for two key outcome variables (income per capita and total asset), the combination of PSM and the difference-in-difference method (PSM-DID) can be used to evaluate the effects of RDEP on these two variables. Alternatively, a PS-weighted DID regression method proposed by Hirano and Imbens [19] , as well as Morgan and Todd [22] , can also be employed. Based on an assumption that any selection bias due to unobserved factors is time-invariant, the time-invariant selection biases can be differenced out in both the PSM-DID non-parametric approach and the PS-weighted DID regression method. Accordingly, the PSM-DID estimated ATT is given by:
where T denotes the set of treated households, C is the set of control households, N T is the number of treated households, and W ij is the associated weight given to the jth non-treated household in comparison with the ith treated household. Similarly, the PS-weighted DID estimator of ATT is given by regressing the change in outcome on the treatment indicator: ∆Y it = α + βD i + ξ it , with weights similar to those in Equation (3).
Results
Quality of Different Matching Methods
Numerous factors have been documented to influence farmers' training participation and technology adoption decisions [23] [24] [25] [26] . In this paper, the choice of covariates is guided by previous studies in the literature and the data availability. Four sets of characteristics are used as covariates in the logit models: household demographic characteristics, asset ownership, village characteristics, and access to market. Table 2 reports the balance test results for five matching methods with the propensity scores estimated from a logit model. The Hotelling's T2 indicate that the covariance matrices are the same in the treated and the control groups after matching for all five methods, suggesting that the quality of matching is high for all of the methods. The balance test results in Table 2 further encourage us to choose the kernel matching, radius caliper matching (caliper = 0.25σ'), and NN matching (k = 5) as the three final matching methods used to estimate the impacts of RDEP (according to the results in Table 2 , the Rubin bias is less than 25%, and the covariate biases are reduced to less than 10% for all three methods). To check the overlap region of the matching results, the probability density distributions of propensity scores for the RDEP participants and non-participants is illustrated in Figure 2 . The graphic evidence shows that the probability density of the estimated propensity scores between the participants and non-participants change from "very different" before matching to "very similar" after matching for all the three chosen matching methods. Table 3 reports the estimated impacts of the RDEP on the eight outcome variables based on the three selected matching methods (columns 4-6) and the PS-weighted least square regression (column 3). For comparison purpose, the simple mean differences for all of the outcome variables between the treatment and control groups are also reported (column 2). While the results are generally robust across different matching methods, as well as between the matching methods and the PS-weighted regression approach, they are very different from those based on a simple mean comparison between participants and non-participants. Specifically, the simple mean comparison tends to overestimate the impact on total income, but underestimate the effects on agriculture productivity, including both the labor productivity and the land productivity. Notes: 1. Kernel matching by Gaussian kernel; 2. *, ** and *** denote 10%, 5% and 1% significant levels, respectively in column of logit coefficient, and standard deviations in parentheses; 3. In overall balance, the row of Rubin B, * denotes bias is significant above 25%; 4. Authors' own calculation based on data from own survey conducted in 2014 and results from Stata commands (psmatch2 and ptest). Table 3 reports the estimated impacts of the RDEP on the eight outcome variables based on the three selected matching methods (columns 4-6) and the PS-weighted least square regression (column 3). For comparison purpose, the simple mean differences for all of the outcome variables between the treatment and control groups are also reported (column 2). While the results are generally robust across different matching methods, as well as between the matching methods and the PS-weighted regression approach, they are very different from those based on a simple mean comparison between participants and non-participants. Specifically, the simple mean comparison tends to overestimate the impact on total income, but underestimate the effects on agriculture productivity, including both the labor productivity and the land productivity. Results from all of the matching methods and PS-weighted regression indicate positive and significant impacts of RDEP on agricultural labor productivity, agricultural land productivity, and agricultural input use intensity. Participation in the RDEP increased agricultural labor productivity by 824-1084 yuan per month (equivalent to $133-$175 per month), agricultural land productivity by 289-404 yuan per mu ($701-$979 per ha., 1 hectare = 15 mu) and inputs of seeds, fertilizer, and pesticide by 158-199 yuan per mu ($382.03-$482.90 per ha.). The gains in land and labor productivity are also consistent with the household agricultural income being higher for the participating households than for the non-participating households (although significant only in one of the three matching methods, and at 10%). The total household income is also higher for participating households than non-participating households, although none is statistically significant at 10%.
Overall Impacts of the RDEP
With regard to the effects of RDEP on labor allocation between farm and non-farm activities, while participating in the RDEP significantly increased household's off-farm labor time by about two 'person months' (which is also statistically significant except for the case of NN matching), the RDEP had no significant effect on the time spent on farming activities. The RDEP also had no significant effect on off-farm labor productivity (i.e., earnings from off-farm employment per person month). These combined results tend to suggest that farmers might have benefited from the off-farm employment information rather than from the training of off-farm job skills of the RDEP. Meanwhile, the increase in off-farm employment time alone is not large enough to be translated into a significant increase in household income. For farmers in the peri-urban areas in Beijing, wage income and transfer income (collective dividends, agricultural subsidies, and property income, etc.) account for a major proportion of the gross household income. Assisting households in accessing off-farm employment information and improving household members' job skills are equally important.
Heterogeneous Effects of RDEP across Crops
To explore whether the impacts of RDEP on crop productivity vary by crops, we obtained PSM estimates of the RDEP's impacts on crop productivity for two types of crops separately: grain crops and fruit trees, with the former including wheat, corn, soybean, potato, and other grains, and the latter including apple, pear, grape, peach, Chinese chestnut, cherry, and other fruit trees. Vegetables and the specialty crops are not included in the analysis, because they are insignificant in terms of crop areas, and because it is impossible to collect production data for them.
The results based on kernel matching are reported in Table 4 . The results show that the impacts of the RDEP on land productivity and input use intensity are consistent across the two types of crops and in line with the overall results in Table 3 in the sense that the RDEP significantly increased both outcomes. While the impacts of RDEP on crop income are different between the two types of crops, it is not significant for either type of crop, which is again consistent with the results in Table 3 . Therefore, there is no strong evidence to support the heterogeneous effects across crop types, at least based on our data. , distance from district center, distance from Beijing center; 3. *, ** and *** denote 10%, 5% and 1% significant levels, respectively, and bootstrap standard errors with 500 repetitions in parentheses; 4. Source: calculation based on authors' own survey data collected in 2014, and results from psmatch2.
Heterogeneous Effects of RDEP across Districts
The descriptive evidence that the three districts differ distinctly in agro-ecological and socio-economic characteristics and in the level of RDEP involvement suggest the importance of evaluating the effects of the RDEP separately for each district. The results based on the kernel matching method from the individual districts are reported in Table 5 . It shows that the effects of the RDEP vary considerably across districts. For example, the effects of the RDEP on agriculture land productivity and agricultural inputs intensity are positive and significant in both Tongzhou and Huairou, but neither is significant in Pinggu. Meanwhile, the RDEP significantly increased agricultural labor productivity in Tongzhou, but not in Huairou. In Pinggu district, the only outcome indicator that is significantly impacted by the RDEP is the person months spent on off-farm employment, and the effect is substantial, as the time spent on off-farm employment by an average participating household is four person months more than that of an average non-participating household. In Tongzhou, the RDEP significantly increased labor productivity by 632 yuan per person month (or $102 per person month), land productivity by 932 yuan per mu (or $2257 per hectare), and input intensity 248 yuan per mu ($599.74 per hectare). Table 5 . Estimated effects of the RDEP across different districts. , distance from district center, distance from Beijing center; 3. *, ** and *** denote 10%, 5% and 1% significant levels, respectively, and bootstrap standard errors with 500 repetitions in parentheses; 4. Source: calculation based on authors' own survey data collected in 2014, and results from psmatch2.
Heterogeneous Effects across Household Characteristics
Finally, to explore the potential heterogeneous effects of the RDEP across household characteristics, all of the households were divided by the head's level of education (primary, junior, or high school level), as well as by the level of household's total asset value (above or below the median level of assets). The results for the different levels of education and assets are reported in Table 6 . Table 6 suggests the existence of a considerable heterogeneity of the effects of the RDEP across the level of education and the value of assets. In terms of the heterogeneous effects across the level of education, our results show that the RDEP benefits households with a junior high school level of education to a more extensive and significant effect. While the RDEP significantly increased agricultural labor productivity, agricultural input intensity, and farm and off-farm employment, none is significant in the subgroups of primary and high school education levels. One possible explanation for the significant effects of the RDEP on a number of variables for junior high but not for the senior high school level education is that those with higher than a junior high school level education are likely to have more alternative sources to learn about technologies and information, and therefore, the marginal benefit from the RDEP is minimal. That the RDEP is also not effective for those with only primary school education or lower suggests that there exists an education threshold in order for a household to benefit from the RDEP program.
As for the differing effects across assets, the results indicate that the RDEP mainly benefits households with higher levels of assets. Participating in the RDEP significantly increased agricultural labor productivity by 751 yuan per month (or USD $121.18 per month), agricultural land productivity by 933 yuan per mu (USD $2258.02 per hectare) and input use intensity by 250 per mu (USD $603.57 per hectare) for the households with higher levels of assets. The RDEP also significantly increased the gross agricultural income by 7027 yuan per year (USD $1134.58 per year) for the households with higher levels of assets. Although the effects on these outcomes are also positive for the households with lower levels of assets, they are largely insignificant. During the field interview, recalled data were also collected for income per capita and the total value of fixed assets in 2010, which are the two most important outcome variables of the study. This additional valuable information allows us to use a combination of the PSM and difference-in-difference (DID) approaches (in short, DID-PSM) to assess the impacts of the RDEP on these two key outcome indicators. As discussed in the method section, PS-weighted DID was also used to estimate the impact. The results based on the DID-PSM (kernel regression-based PSM) and PS-weighted DID regression are reported in Table 7 . At the 10% level of significance, the RDEP significantly increased the income per capita by approximately 10% when the data from Tongzhou and Huairou are pooled together. However, the effects, vary across districts. While the RDEP increased income per capita by 13.6-16.8% in Tongzhou and the impact is significant at 5% and 11% based on DID-PSM and PS-weighted DID regressions, respectively, it had no significant effect on income in Huairou. The effects estimated by PS-weighted DID on the total asset value of the pooled sample and Tongzhou sample were both significant and positive. However, for the Huairou sample, it was insignificant no matter whether the evaluation was based on DID-PSM or PS-weighted DID regressions. The results further support the earlier findings that the impact of the RDEP was bigger and more statistically significant in Tongzhou than in the other two districts. Had we had access to more panel data, we would have evaluated the RDEP impacts more comprehensively and accurately. Table 6 ; 3. *, ** and *** denote 10%, 5% and 1% significant levels, respectively, and robust standard errors in parentheses; 4. Source: calculation based on authors' own survey data collected in 2014.
Discussion
Since the beginning, the rapid expansion of ICT-based agricultural extension services in developing countries has been accompanied by a wide skepticism regarding its uncertain impact, sustainability, and scale [13] . This paper provides encouraging evidence to support the ICT-based extension service, which indicates that RDEP increases farm households' agricultural productivity. Notable heterogeneity exists across different characteristics at the village and household levels, which raises questions regarding the mechanism of how ICT improves agriculture extension efficiency and famers' welfare.
Unlike the early phase of mobile phone expansion in developing countries, which has shown to have significantly reduced the costs of obtaining information on market and new technology [4, 7, 13] , the RDEP was implemented in peri-urban areas with large-scale coverage of mobile phones and internet services, where the ICT access effect began to fade away. What has been estimated in this paper is the impact of an alternative information channel and its transmitting content, but not the ICT access effect per se. While the identified overall positive effects of the RDEP on agricultural productivity and input use intensity are encouraging, the estimated heterogeneous effects across different groups are more telling and important for future policy design.
In this regard, two points deserve our attention. The first one is the possible role of "digital engagement". It has been shown earlier that the RDEP stations in Tongzhou were more intensively utilized (100 h per year) than those in Pinggu and Huairou (35 h and 67 h, respectively), and the effects of the RDEP on agriculture outcomes in Tongzhou were also the highest among all three districts. Previous studies have shown that the digital engagement divide is becoming more prominent with the narrowing of the digital access divide [27] . Digital applications themselves can become a habit or adoption decision, and if they are not sufficiently inclusive or inconvenient for the vulnerable group, they may become a new medium of inequality. Thus, it is important to implement inclusive public ICT-based services in rural areas. Relatedly, the finding that the productivity effects of the RDEP are positive and statistically significant for households with junior high school education, but not for those with a higher level of education or lower level of education, implies that targeting those with a medium level of education but more limited alternatives to acquire information is likely to be more effective.
Second, it should also be kept in mind that ICT is not a ready-made panacea. An ICT-based extension service could potentially exacerbate income inequality in rural areas because of the different capacities of utilizing the new information channel between farmers with more assets and those with fewer assets. Practically, farmers' awareness of improved technologies and techniques may increase through ICT-based extension projects; however, such increased awareness does not automatically translate into behavioral changes such as an increased adoption of improved practices or modern input.
ICT-based extension projects can only solve some of the barriers faced by farmers; others depend on complement factors, such as farmers' endowment conditions, market participation threshold, infrastructures, and institutional or cultural context [28] [29] [30] . If the aim of the project is to narrow the gap in agriculture productivity between poor and wealthy farmers, technology extension services packaged with skill training, input support, and other assistance could be a consideration in the future.
Conclusions and Policy Implications
ICT-based extension services have been widely viewed as the future mode of extension. There have been active studies of the effectiveness and impacts of access to ICT-based technologies with a focus on mobile phones in Asia and Africa [26] . Nevertheless, the results of the impacts are mixed. While the literature on the impact of ICT-based technology and extension/education programs in developing countries is emerging rapidly, the rigorous empirical evidence on China is disproportionately scarce, despite China's importance in the global economy and its vast stock of ICT-based infrastructure and internet. This study aims to complement the emerging literature by evaluating the impacts of a rural distance education program through using data from peri-urban areas of Beijing. Specifically, this study utilizes survey data from treatment and control villages, and the propensity score matching method to evaluate the short-term impacts of the RDEP on farmers' agricultural productivity, input use, labor allocation, and overall welfare.
This study is among the first few rigorous evaluations of the RDEP on agricultural performance, household income, and off-farm employment, and therefore provides important policy implications on the design and implementation of effective rural distance education programs. First, the findings that the RDEP had a positive and significant effect on agricultural productivity and input use reassures that a rural distance education program can be an effective method to train farmers to acquire information and new agricultural technologies. Second, the existence of a considerable variation in RDEP effects across districts and household characteristics implies that an effective RDEP should take the local community conditions and households' characteristics into consideration in formulating, implementing, and scaling up the RDEP programs. It is important to note that it is the households with junior high education that benefit the most from the RDEP program, so they should be the prioritized targeting groups for receiving the RDEP projects. Our results also imply that it is important to identify the factors that prevent those with lower than a junior high education and those of lower assets from benefiting from the RDEP projects.
There are also a few caveats to our study. We focus on relatively short-term effects, yet the adoption of new technologies or services is likely to take time to be effective. On the other hand, there are also studies showing that the effects of a training program may decay over time. We would like to explore the long-term versus short-term effects in our future research. Also, while the PSM is a popular method to evaluate training and extension programs, the PSM's inability to control for selection on unobservable variables is always a concern. We would like to use alternative evaluation methods that better account for selection on unobservable variables in the future research. Finally, in the future, we would also like to pursue the evaluation of similar programs regarding outcomes that are related to food safety and the environment. As of today, the safety of agriculture products contributed from the overuse of agro-chemicals is among the top public concerns in China, and it is considered one of the most effective ways to spread environment-friendly agricultural technology to farmers through ICT-based services. 
